ABSTRACT. Many investors in equity markets follow trading styles based on stock characteristics like firm size or momentum. Because stocks' characteristics change over time, style investors must rebalance their portfolios to avoid style drift. In this paper, I analyze how the rebalancing trades of style traders affect the cross-section of trading volume. Specifically, I estimate, using mutual fund stock holdings data, how the propensity to sell a stock depends on recent changes in stock characteristics. It turns out to be most strongly related to changes in firm size, value, and momentum characteristics.
Introduction
One striking fact about trading in equity markets is the widespread specialization of investors into various kinds of trading styles. Some professional traders focus on technical analysis and quantitative trading strategies; mutual funds specialize into value or growth, small or large-cap stocks; and retail investors, too, often follow styles such as momentum or contrarian trading strategies, for example (see, e.g., Brown and Goetzmann 1997; Fung and Hsieh 1997; Grinblatt and Keloharju 2001; Chan et al. 2002) . The common thread of these "styles" is that investors aim to hold stocks that have a few common pre-defined characteristics, such as, say, positive momentum or a high book-to-market ratio.
Style trading has interesting implications for trading volume. When stocks' characteristics change over time and some stocks drift away from the style target, style investors have to trade to discard those stocks that are out-of-line. The more volatile the characteristic the style is based on and the narrower investors' style focus, the higher the trading volume that is required to maintain a styleconsistent portfolio. Given the apparent pervasiveness of style investing in equity markets, these rebalancing trades of style investors could potentially account for a substantial portion of trading volume. If so, we can hope for two kinds of insights from an investigation of trading styles: From a purely empirical perspective, it could improve our understanding of the determinants of trading volume. From a theoretical perspective, it could point to trading styles as an important channel for trading activity, which carries implications for why investors trade (so much)-a question that is often seen as a puzzle by researchers, including Black (1986) , Ross (1989) , and Dow and Gorton (1997) .
To shed light on this issue, I analyze empirically the implications of style trading for the crosssection of trading volume. The main challenge is to find ways to quantify the extent of style trading and its consequences for trading volume. In this respect, the key innovation in this paper is the estimation, using mutual fund portfolio holdings data, of how investors' propensity to sell a stock depends on changes in certain stock characteristics. The idea is that if many funds follow trading styles based on these characteristics, then the more a stock's characteristics change, the more likely it is that the previous owners will sell because the stock no longer fits into their style category. To take a simple example, when a stock's price-to-earnings ratio is low, it is likely to be owned by investors following a "value" style. If the price-to-earnings ratio increases, value investors are likely to sell to "growth" investors. I estimate the relationship between the propensity to sell and changes in stock characteristics with a multivariate linear probability model. The estimated model shows that a one cross-sectional standard deviation change in the momentum (12-month past returns), value (sales-toprice) and size (market capitalization) characteristic each lead to a marginal increase in the propensity to sell by about 3%, measured over an annual period. One-standard deviation changes in long-term growth rate forecasts and past 36-months returns each contribute a further 2%. These characteristics appear to be the most important drivers of style-related trading volume.
The linear probability model provides a convenient way to aggregate the effects across different characteristics. For each stock in each year, the observed changes in all of the characteristics can be used to calculate the fitted propensity to sell. This fitted propensity to sell should be correlated with differences in trading volume across stocks. Indeed, to the extent that not only mutual funds, but also other investors follow trading styles, the propensity-to-sell measure should be correlated with cross-sectional differences not only in the volume of trading by mutual funds, but also in overall trading volume. For NYSE and AMEX stocks I find that a one cross-sectional standard deviation difference in the propensity to sell measure is associated with a difference in annual turnover of around 20% to 30%. For Nasdaq stocks it is about twice that number, consistent with the fact that the recorded trading volume on Nasdaq is about twice as high as on NYSE and AMEX due to the different market structure. Compared with the average turnover of about 87% and 174% per year for NYSE/AMEX and Nasdaq stocks, respectively, this is a sizeable magnitude. Apparently, a considerable part of trading volume in equity markets is indeed driven by the rebalancing needs of style traders in response to changes in stock characteristics. In fact, this estimate might be conservative, because the methodology in this paper is not designed to capture the effects of trading rules operating at high frequency-such as various technical trading rules, for example.
The results are robust to controlling for other known determinants of cross-sectional differences in trading volume, such as volatility, market capitalization, and stock price. One concern that one might have about these results is that trading causes prices to change which in turn leads to changes in price-based stock characteristics such as book-to-market or momentum. Under this alternative view, it would be volume that drives changes in characteristics rather than the other way round. Yet, the results still hold up when the propensity-to-sell measure based on all stock characteristics is instrumented with a propensity-to-sell measure calculated using only stock characteristics that are not price-based, such as book leverage or book return on assets, for example.
Hence, the correlation between trading volume and the propensity-to-sell measure is not driven by reverse causality from volume to prices and price-dependent characteristics.
In related empirical work researchers have shown that there is abnormal trading volume following certain technical trading signals, which may indicate the presence of traders with technical trading rules. Chu and Osler (2004) show that trading volume is abnormally high following "headand-shoulders" patterns in stock prices. Huddart, Lang, and Yetman (2003) find that there are pikes in trading volume when a stock's price leaves a prior "trading range". My analysis in this paper is also related to work by Lo and Wang (2000) . Lo and Wang show that there is a factor structure in trading volume when investors switch their investments between separating funds, i.e. baskets of stocks. In their setting stocks do not switch between baskets. This paper, too, is based on the notion that investors hold baskets of stocks, defined by some stock characteristics, but it focuses on the trading volume effects when stocks, not investors, switch between baskets. Of course, style-switching by investors, for example as in Barberis and Shleifer (2003) , could lead to additional trading volume.
However, while the rebalancing trades of investors with fixed styles can be related empirically to changes in stock characteristics, it is not clear how one could isolate empirically the trading volume effects of style-switching. Hence my focus in this paper on the trades arising from fixed trading styles.
Existing theoretical work is largely silent on trading styles and their implications for volume.
In one strand of the theoretical volume literature, trading arises from differential or asymmetric information, coupled with trading for liquidity or hedging reasons (e.g., Admati and Pfleiderer 1988; Wang 1994; He and Wang 1995) . Because trading styles are based mostly on public information, style trading does not readily fit into this framework. In a different class of models, trading arises from differences in beliefs (Varian 1989; Harris and Raviv 1993; Kandel and Pearson 1995) . Differences in trading styles could reflect differences in beliefs to the extent that heterogeneity in trading styles arises because investors use different data sets, differ in modeling techniques and sophistication, employ different heuristics to simplify the decision problem, and therefore come up with different trading rules. In Mullainathan (2002) and Hong and Stein (2003) , for example, investors use such simplified models to form their beliefs. This view also fits with the notion in Black (1986) that some investors trade one "noise" because they use simple rules of thumb. However, the pervasiveness of trading styles among institutional investors may also have to do with industrial organization and agency issues (Massa 2000; Mamaysky and Spiegel 2002; Barberis and Shleifer 2003) , which are issues that the trading volume literature typically abstracts from (with the exception of Dow and Gorton 1997) . The evidence I present in this paper indicates that these institutional arrangements in money management may hold clues about the origins of trading volume.
Estimating the trading volume effects of style investing

The propensity-to-sell measure
The degree to which style investing drives trading volume depends on how many style traders there are, how strongly their portfolios are focused on a certain style, and how volatile a stock's stylerelated characteristics are. Existing work attempting to measure the extent to which investors engage in style investing examines how strongly investors cluster in terms of returns (Brown and Goetzmann 1997) or in terms of the characteristics of stocks in their portfolios (Wermers 2002) . However, none of these style measures allows a quantitative assessment of how changes in stock characteristics translate into rebalancing needs, and therefore trading volume, for style traders.
My empirical strategy uses the fact that, on average, a stock that experiences a change in a style-relevant characteristic tends to move away from its current owner's style target (e.g., if a "value" stock is owned by a "value" investor, mean-reversion in the characteristic implies that it will tend to drift towards "growth"). Hence, the bigger the change in the characteristic, the more likely it is that the current owner will sell it. Of course, this is unlikely to be true in every single case, but it should hold on average. The more style traders there are, and the stronger there style focus, the greater should be the average effect of a change in characteristics on the propensity to sell a stock.
Following this intuition, I use mutual fund portfolio holdings data to estimate how the typical mutual fund's propensity to sell a stock depends on changes in this stock's characteristics. More precisely, to model how mutual funds j's selling decisions during period t are related to changes in stock i's characteristics during the same period, I use a linear probability model Instead of using the propensity to sell to estimate equation (1), I could also use the propensity to buy. However, since funds have a much larger universe to choose from in their buying decisions compared with their selling decisions (the portfolio holdings data do not include short positions, but they are rare for mutual funds anyway, as shown by Almazan, Brown, Carlson, and Chapman 2004) .
The propensity to buy is therefore much smaller on average and harder to estimate than the propensity to sell.
Data
Estimation of the propensity to sell requires portfolio holdings data, which I obtain from the I match these quarterly holdings observations with data on stock characteristics from CRSP, COMPUSTAT and I/B/E/S. In principle, one would want to select the stock characteristics that mutual funds are known to use as a basis for their trading styles. There is some guidance from the existing literature as to what these characteristics are. Brown and Goetzmann (1997) , Chan et al. (2002) , and Wermers (2002) show that mutual funds tend to cluster on firm size, measures related to growth or glamour (e.g., book-to-market) and momentum; Hotchkiss and Lawrence (2003) would not be correlated with the chosen ones. Two additional characteristics (book liabilities/book assets and the one-year growth rate in sales) will be used as instruments in some of the tests below.
For an observation to be included in the tests in a given quarter, availability of valid observations on all characteristics, including the two additional instruments, is required. Because investors are likely to select stocks based on the relative rank rather than the absolute level of characteristics, and because the cross-sectional distributions of some of the raw characteristics are not well-behaved, I transform all characteristics into percentile ranks each quarter.
Because one-year changes are required for all characteristics, and I/B/E/S long-term growth forecasts are not available for a sufficiently large number of stocks before 1983, the sample period starts in the first quarter of 1984. It ends in the fourth quarter of 2002. The sample includes NYSE, AMEX and Nasdaq stocks, excluding primes, scores, and ADRs. Tests using trading volume reported on CRSP, however, are run separately for NYSE/AMEX and for Nasdaq stocks, because trading volume figures are not directly comparable due to different market structures (see Atkins and Dyl 1997) .
In each quarter and for every stock, I use the transformed characteristics to measure changes in characteristics (∆c it )-the inputs for the linear probability model-over overlapping annual intervals.
There are two reasons for this choice of interval: First, some characteristics based on accounting data change only once per year. Shorter observation intervals would not make much sense for these characteristics. Second, for some funds, the portfolio holdings data are reported at semi-annual or even annual frequency only. Annual observation intervals thus circumvent complications arising from stale holdings information. Correspondingly, the selling indicator variable, s ijt , is also measured over annual intervals. More precisely, it equals one if fund j holds zero shares of stock j at time t, but held more than zero shares four quarters earlier. It equals zero, if fund j holds more than zero shares at both time t and four quarters earlier. It is set to missing for fund-stock observations where fund j did not hold a position in stock i four quarters earlier.
Summary statistics
Table 1 presents summary statistics for the sample of stocks and mutual funds used in this study. These statistics are time-averaged cross-sectional estimates. As shown in the bottom line, the data requirements leave, on average, 1,730 stocks in the sample, which is about 30% of all eligible stocks on CRSP. Yet, since these stocks tend to be large stocks, they account for about 75% of market capitalization. The average number of mutual funds in the Thomson Financial database that hold at least one of these stocks with valid data is 3,788, and the median fund holds 39 stocks satisfying the data requirements, while the mean is 25.
The first set of rows in Table 1 shows statistics on the cross-sectional distribution of mutual funds' mean portfolio characteristics. Mean portfolio characteristics are the value-weighted average, using portfolio weights from the quarterly holdings snapshots, of the characteristics of the stocks held by a fund. The cross-sectional distribution of these mean portfolio characteristics reveals whether mutual funds in aggregate have preferences for certain characteristics. To judge the magnitudes, recall that all of the underlying characteristics are transformed to percentile ranks (ranging from 0 to 99). As the first block of rows shows, the mean and median fund seem to have some preference for stocks with high past returns, growth stocks (low Sales/MarketCap), high dividend yield, low Volatility, and large size. mean characteristics and of the correlations of characteristics themselves shows that they are usually quite similar. To provide a specific example, the typical high yield fund also holds stocks with low volatility (corr. -0.85), just as the typical high yield stock tends to have low volatility (corr. -0.65). Table 2 provides some simple summary statistics for annual trading volume on NYSE/AMEX and Nasdaq, as well as a proxy for mutual fund trading volume constructed from the quarterly mutual fund holdings data. This is the data that the propensity-to-sell measure will be asked to explain. The table shows trading volume measured as turnover. Turnover is calculated as the number of shares traded during a month divided by the average of the number of shares outstanding at the beginning and at the end of the month. This monthly turnover is then averaged summed up over 12-month periods.
Mutual fund selling volume is calculated from the portfolio holdings data. For each stock i, I compare mutual funds' holdings at time t to those 12 months earlier. For each fund with non-zero holdings 12 months earlier, sales are defined as the reduction in the number of shares (split-adjusted) between these two dates (zero if no reduction). Summing all sales across funds, selling volume is then defined as the number of shares of stock i sold by all mutual funds, divided by the number of shares held 12 months earlier.
As can be seen in the table, the (equal-weighted) mean turnover on Nasdaq (174%) is about twice as large as on NYSE and AMEX (87%). This discrepancy reflects the fact that Nasdaq is a dealer market where trading volume can be double-counted. Some researchers therefore divide Nasdaq turnover by two to make it comparable to NYSE and AMEX trading volume. 2 In this paper, instead, I
run separate regressions for Nasdaq and NYSE/AMEX data. With 42%, the turnover of mutual funds-in terms of selling volume-is considerably lower. It is also lower than the turnover of mutual fund portfolios reported, for example, in the CRSP mutual funds database, which is around 80% -90%
per year over the same sample period. This partly reflects the fact that the mutual fund trading volume proxy is constructed by comparing holdings at annual intervals, which misses intra-year fluctuations in holdings and therefore a considerable part of higher-frequency trading volume. Table 3 presents three types of information. The first column reports the mean absolute change in each stock characteristic. This is a measure for the volatility of each characteristic. The second column shows the coefficient estimates of the linear probability model, Equation (1) Focusing on the first column, it can be seen that the short-term momentum characteristics that for the three return-based characteristics, there is not much increase in the propensity to sell for small changes in characteristics, only for larger changes the slope is steeper. In contrast, for size (MarketCap) the propensity to sell increases quickly with small changes size and then the curve flattens out a bit. But otherwise the graphs show that there is not too much non-linearity, which suggests that the linear model should be a reasonably good approximation.
Results
Propensity-to-sell estimates
The coefficient estimates from the univariate model, however, cannot be used to aggregate the propensity to sell across characteristics, because this would ignore correlation among characteristics.
The multivariate model in column 3 takes this correlation into account. As a result, the slopes in the multivariate model are generally lower than in the univariate model. For example, the coefficient on MarketCap drops from 6.51% to 3.09% but it remains among the characteristics with the highest slopes. The coefficient on Liabilities/MarketCap drops from 7.30% to 0.73%, which indicates that most of the univariate slope is driven by correlation with changes in other characteristics, but holding those fixed, changes in Liabilities/MarketCap have little impact on the propensity to sell. In the multivariate model, the most important characteristics with the highest slopes are MarketCap, Sales/MarketCap, and Return(-12:-1). Thus, the size, value, and momentum characteristics that the previous literature on mutual fund styles has focused on also turn out to be most relevant here in explaining mutual funds' selling decisions.
While those three characteristics are the most important drivers of the propensity to sell, which is the main focus in this paper, size appears to be the single most important one in terms of how narrowly mutual funds focus their portfolios. A one standard deviation move in MarketCap is much smaller than for Sales/MarketCap or Return(-12:-1), which means that mutual funds tolerate much less dispersion with respect to size in their portfolios compared with value or momentum characteristics. It is also useful to keep in mind that the fact that MarketCap, Sales/MarketCap, and Return(-12:-1) turn out to be the most important drivers of the propensity to sell does not mean that funds actually use exactly those characteristics for their portfolio decisions. They might instead use other characteristics that are not included here, but that are highly correlated with MarketCap, Sales/MarketCap, and
Return(-12:-1). For example, many technical trading signals are likely to be correlated with the Return(-12:-1) characteristic. A stock that switches from being a loser to being a winner stock is also likely to break through "trendlines" and experience changes in other technical indicators. For the purposes of this paper that's fine. In that case, the characteristics used here pick up the effects of these other unobserved characteristics.
Explaining the cross-section of trading volume
I now explore whether the propensity-to-sell estimates from the fitted model help explain the cross-section of total trading volume. The estimation of the propensity-to-sell model has focused on mutual funds, because this is the only group of investors for which comprehensive portfolio holdings data is available over a long sample period. However, other classes of investors are also likely to engage in style trading. To the extent that their style trading is similar to that of mutual funds, the propensity to sell estimates for mutual funds should be useful to predict overall trading volume in stock markets, not just mutual fund trading volume. Table 4 presents the results of pooled OLS panel regressions of total turnover on each stock's fitted propensity to sell, which is calculated using the coefficient estimates from the multivariate model shown in Table 3 . In addition to the contemporaneous propensity to sell, ŝ it , I also use its first lag, ŝ it-1 , as an explanatory variable. The reason is that investors might react with some delay to changes in a stock's characteristics. Using only ŝ it , which is based on contemporaneous changes in characteristics, would ignore the trading volume that arises with a lag. In addition to ŝ it and ŝ it-1 , some specifications also contain stock return volatility (the sum of squared daily returns over the contemporaneous annual interval), firm size (beginning of period log of market capitalization), and stock price (beginning of period log of price) as control variables. Lo and Wang (2000) show that these variables are the important determinants of trading volume in the cross-section. For ease of interpretation, all explanatory variables, including ŝ it and ŝ it-1 , are standardized to unit cross-sectional standard deviations and zero mean within each quarterly cross-section. In addition, all specifications also contain timeperiod dummies (coefficients not reported).
Because there is commonality in turnover, as shown by Lo and Wang (2000) and Cremers and Mei (2004) , the residuals in these regressions are likely to have substantial cross-sectional correlation.
Moreover, since turnover is measured quarterly using overlapping annual intervals, there is substantial autocorrelation. To get accurate standard errors in the presence of such cross-sectional and time-series dependence in residuals, I use a moving-block bootstrap. It involves drawing entire blocks of adjacent quarterly cross-sections to construct bootstrap samples. The method is described in detail in the appendix.
Panel A presents the results for NYSE and AMEX stocks. Regression A.1 contains only ŝ it and ŝ it-1 as explanatory variables. The point estimate for the coefficients on ŝ it and ŝ it-1 of 0.18 (std.err. 0.02) and 0.08 (std.err. 0.02), respectively, imply that a one-standard deviation increase in ŝ it is associated with an increase in trading volume of 18% contemporaneously and an additional 8% at a one-year lag.
The adjusted R 2 is about 10%. Compared with a mean turnover for NYSE and AMEX stocks of 87%
per year and a cross-sectional standard deviation of 65% per year, these coefficient estimates, taken at face value, indicate a relatively large impact of style trading on turnover. In particular, there are other sources of trading activity besides style trading and so one would not expect style trading to account for all trading volume. Some of these other sources of trading activity may also be correlated with changes in stock characteristics and hence with ŝ it . Specification A.2 is an attempt to control for such other sources of trading activity. It includes volatility, which can be seen as a proxy for informationbased trading (Karpoff 1987) . The inclusion of size is motivated by the fact that trading volume of larger firms is more likely to be affected by index arbitrage and program trading. Including the level of the stock price helps controlling for thin trading of stocks with extremely low prices. Interestingly, including these control variables does not have a major effect on the estimates for the coefficients on ŝ it and ŝ it-1 . With 0.14 (std.err. One potential problem with these OLS regressions in Table 4 is that the propensity-to-sell measures on the right-hand side are endogenous. In particular, one might be concerned that what the regressions pick up is not that changes in stock characteristics make style investors trade, but that trade occurring for other reasons causes prices to change, which in turn leads to changes in stock characteristics that are based on price, such as past returns or the Sales/MarketCap ratio, for example.
In other words, there could be a reverse causality problem. I address this concern by instrumenting ŝ it with the propensity-to-sell measure calculated in the same way, but using only characteristics that are not based on price. I also exclude the analyst growth long-term growth forecast characteristics, because analysts might use changes in prices as a signal to update their forecasts. Specifically, I redo the estimation of the multivariate linear probability model using only Earnings/Assets, Cash/CurrLiab, one-year sales growth (as a replacement the long-term analyst growth forecasts), Liabilities/Assets (which replaces market leverage). I then use the fitted value of this modified propensity to sell and its lag as instruments, denoted ŝ it * and ŝ it-1 *. The instruments are correlated with ŝ it and ŝ it-1 , but they are not subject to the reverse causality critique and should therefore be valid instruments.
This instrumental variables strategy should address the concerns about reverse causality in the relationship between trading volume and ŝ it . It is important to keep in mind, though, that this does not fully resolve all potential endogeneity issues in these regressions. For example, trading volume and volatility are simultaneously determined in the trading process. Since volatility is endogenous, the coefficient estimate on volatility therefore does not have a structural interpretation, and this could also have some effect on the coefficient estimates on ŝ it and ŝ it-1 . Ideally, one would like to have controls for the structural causes of trading volume unrelated to style trading, such as information flow, for example. However, lacking a structural model and suitable instruments for the latent variables causing volatility and volume there is little more that can be done. Table 5 presents the results of the two-stage least squared (2SLS), using ŝ it * and ŝ it-1 * as instruments for ŝ it and ŝ it-1 . The specification of the regression is similar to models A.2, B.2, and C.2 in Table 4 (Unreported results show that including forecast dispersion here, too, has little effect). To get the standard errors right in the presence of cross-sectional and auto-correlation of the residuals, I use a moving-block bootstrap in similar fashion as for the OLS regressions above. Panel A shows estimates for the sample with NYSE and AMEX stocks. As can be seen in the table, the point estimates of the coefficients on ŝ it and ŝ it-1 (0.17 and 0.16, respectively) are somewhat larger than with OLS. However, standard errors are larger, too (0.04 and 0.03, respectively). As a result, the 2SLS point estimates are less than two standard errors away from the OLS point estimates. So there is a lot of uncertainty about whether they really are different. For Nasdaq stocks in Panel B coefficients are also larger than in the OLS regressions. For mutual fund volume in Panel C, the point estimates are almost identical to those with OLS in Table 4 . Overall, the 2SLS regressions confirm that ŝ it and ŝ it-1 have a strong influence on the cross-section of trading volume. The 2SLS results do not give reason to suspect that the positive relationship between ŝ it and ŝ it-1 discovered in the OLS regressions is driven by reverse causality.
Subperiod results and out-of-sample tests
To check whether style trading had an impact on trading volume throughout the sample period, Table 6 presents subperiod results, where the sample is split into the 1985 -1993 and 1994 -2002 periods. In addition, Table 6 also presents out-of-sample results where the multivariate linear probability model for the propensity-to-sell measure is estimated in the first subperiod, and the thus estimated coefficients are used in the second subperiod to calculate the fitted values, ŝ it , used in the panel regressions to explain the cross-section of trading volume. This out-of-sample test should address concerns that the linear probability model picks up some spurious, sample-specific correlations between characteristics changes and mutual fund trades. Because mutual fund trades are part of overall trading volume, this could then lead to a spurious between ŝ it and total trading volume.
As can be seen in Table 6 , the estimates for the coefficients on ŝ it and ŝ it-1 are somewhat larger This shows that the positive relationship between trading volume and ŝ it is not some spurious, insample relationship picked up when the multivariate linear probability model is estimated on the same sample as the panel regressions with trading volume and ŝ it . The fact that the out-of-sample results are similar can also be anticipated from the fact that the (unreported) estimates for the linear probability model don't differ much across the two subperiods. The relationships between changes in characteristics and the propensity-to-sell seem to be quite stable over time. This can also be seen in Figure 2 , which shows the univariate non-parametric estimates of this relationship, similar to Figure 1 , but broken up into two subperiods. The solid lines represent the first subperiod (1985 -1993) , the dashed lines represent the second subperiod (1994 -2002) . The graphs show that for most characteristics, the relationship between characteristics changes and the propensity to sell is similar in both subperiods. Overall, the propensity to sell is lower in the second subperiod. For volatility, growth forecasts, and dividend yield, and perhaps also for the returns characteristics, the slopes are somewhat steeper in the second subperiod, but other than that there is not much difference across subperiods.
Further robustness checks
In additions to those reported in the tables, I have also explored regression specifications that include one-year-lagged volatility, lagged annual returns, absolute annual returns as an additional volatility measure, and lagged leverage, both with OLS and 2SLS. Chordia, Huh, and Subrahmanyam (2004) show that these variables have additional explanatory power for the cross-section of trading volume. I also find that they are significantly related to trading volume, in particular lagged returns and lagged volatility, but including these variables has little impact on the coefficient estimates for ŝ it and ŝ it-1 .
Concluding remarks
Style trading is important for the cross-section of trading volume. The results in this paper suggest that one key to explaining trading activity is to understand the forces that make investors specialize into diverse style categories and lead them to follow heterogeneous trading rules. At present neither the agency and industrial organization issues that might drive the specialization into styles, nor the notion of fixed trading rules as heuristics in investment decisions have a natural place in theoretical models of trading volume. Models that come closest are perhaps those where portfolios related to, say, size or value characteristics serve as hedging portfolios, such as in Lo and Wang (2001) and Mamaysky and Spiegel (2002) , although it's not clear that this is the empirically most relevant mechanism. In a different literature, the emergence and evolution of investors' trading strategies has been studied in simulated stock markets with artificial agents that trade against each other. One of the findings in this literature is that certain heterogeneous trading strategies, reflecting heterogeneous beliefs, can emerge and co-exist (see, e.g., LeBaron 2000). While these papers give some hints as to what could perhaps drive investors' heterogeneity in trading styles, it seems that currently our theoretical understanding of this heterogeneity is still very limited.
The attempt in this paper to relate trading volume and style investing can be seen as part of a broader effort to use institutional and individual portfolio holdings data to understand why investors trade as, for example, in Grinblatt and Keloharju (2000, 2001) , Barber and Odean (2001) , Dorn and Huberman (2003) , and Glaser and Weber (2004) . A nice feature of the analysis here in this paper is that the connection of style-trading to changes in stock characteristics allows me to explain observed total trading volume, not only the trades in the portfolio holdings datasets. Given the apparent importance of heuristics for trading decisions, it seems that much can be learned from further investigations of how investors actually behave.
Appendix: Moving-Block Bootstrap
Let the data be a panel consisting of observations on the dependent variable, y it , and a vector of explanatory variables, x it , with i = 1, …, N and t = 1, …, T. Consider a regression model
where the residuals, ε it , uncorrelated with x it , can be dependent across time, t, and within each crosssection i. Consider the (OLS or 2SLS) estimator of β, denoted by β T . Gonçalves and White (2004) show that under some weak conditions on the form of temporal dependence one can obtain consistent estimates of the standard errors of the linear regression coefficient estimates using a moving-block bootstrap (see, also , Künsch 1989; Hall, Horowitz and Jing 1995) . To address both the temporal and the cross-sectional dependence in residuals, I draw blocks of entire cross-sections to construct the bootstrap samples. More precisely, the data can be organized into overlapping blocks of temporal length L, where block 1 includes the observations {x 1t , …, x Nt ; y 1t , …, y Nt : t = 1, …, L}, block 2 includes {x 1t , …, x Nt ; y 1t , …, y Nt : t = 2, …, L+1}, and so on. I then sample K = T/L times from these T-L+1 overlapping blocks with replacement such that the resulting bootstrap sample, with the K sampled blocks concatenated in the order sampled, is of length T in the time dimension. The j-th bootstrap sample is then used to estimate the regression model (OLS or 2SLS) and record the coefficient estimates β Τ j . The resampling procedure and regression estimation is repeated 1,000 times.
The variance-covariance of β Τ j across the bootstrap samples then provides an estimate of the variancecovariance of β T .
The choice of block size is important to ensure that the variance-covariance estimate is accurate. Since in the setting here most of the autocorrelation comes from the fact that the quarterly cross-sections are overlapping annual observation intervals, this suggests that the block size should be four quarters at a minimum. To allow for further autocorrelation, I use 12 quarters (T = 72 quarters for the full sample). The first column reports the mean absolute change in stock characteristics, where the change is calculated for each stock in each quarter over an annual period. Stock characteristics are first transformed into percentile ranks, ranging from 0 to 99. The mean absolute change is first calculated within each overlapping quarterly crosssection, and is then averaged across time. The second column shows point estimates of the slope coefficients in the linear probability model, estimated as a univariate model with the absolute change of only one characteristic as the explanatory variable. The third column shows point estimates for the slope coefficients in the multivariate version, where the absolute changes of all characteristics jointly serve as explanatory variables. The dependent variable is an indicator variable, s ijt , that equals one if fund j sold all its holdings of stock i during period t, and zero otherwise. The models are estimated first cross-sectionally each quarter across all fund-stock observations, and then the coefficient estimates are averaged over time. The regressions presented in this table are similar to those of Table 4 , but now estimation is done with 2SLS. The explanatory variables ŝ it and ŝ it-1 are instrumented with ŝ it * and ŝ it-1 *, which are calculated in exactly the same way as fitted values of the multivariate linear probability model, but using only characteristics that are not based on stock price (Earnings/Assets, Liabilities/Assets, Cash/CurrLiab, and one-year sales growth). All explanatory variables, including ŝ it and ŝ it-1 and the instruments, are demeaned and standardized to unit cross-sectional standard deviation within each quarterly cross-section. Standard errors shown in parentheses are obtained from a moving-block bootstrap, described in the appendix, which accounts for both cross-sectional and temporal dependence in residuals. The 2SLS regressions presented in this table are similar to those in Table 5 (only the second stage is shown here), but they run here over the subsamples 1985-1993 and 1994-2002 . For the second subperiod, the table also shows out-of-sample regressions, which means that the multivariate linear probability model is estimated over the first subperiod. The estimated model is then used to generate the fitted propensity to sell ŝ it and ŝ it-1 and the instruments ŝ it * and ŝ it-1 * in the second subperiod. Standard errors shown in parentheses are obtained from a moving block-bootstrap, described in the appendix, which accounts for both cross-sectional and temporal dependence in residuals.
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